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Abstract

This paper presents a brain-interfacing IC that enables
depth-scalable edge inference within the tight form factor and
energy budget of a minimally invasive, battery-free implant.
A 181-dB FoM noise-shaping SAR ADC with an LNA is
shared across 20 of 32 recording electrodes. On-chip inference
combines boosted decision-stump spike classification with
first-layer spiking- and deep-neural-network (SNN/DNN)
inference, reducing the output data rate by up to 16,732x. An
event-based body-coupled communication (BCC) TX streams
intermediate activations to a wearable device for remaining-
layer execution. The communication and computation energy
costs are 1.23 nW and 53 nW per input, respectively, enabling
wireless powering by a mm-scale magnetoelectric film.

Introduction

Smart brain—interfacing devices, such as closed-loop
neurostimulators and brain—machine interfaces (BMlIs), link
biological neural networks with machine-learning systems
and hold promise for improving outcomes in neurological
disorders, including movement and speech deficits following
stroke or spinal cord injury. However, their intelligence is
strongly constrained by strict heat-dissipation limits: on-
device inference is energetically expensive [1], while remote
inference incurs high wireless communication energy costs,
necessitating data-reduction schemes whose additional
computation can offset the benefits of offloading [2-4].

Minimal invasiveness further necessitates battery-free
wireless power transfer. Low-frequency (LF) inductive
powering penetrates tissue efficiently but requires large
receiver coils [5], whereas high-frequency inductive powering
enables mm-scale implants at the cost of higher tissue
absorption and sensitivity to misalignment [6]. Ultrasound
avoids these trade-offs but can be attenuated by the skull [7],
motivating magnetoelectric (ME) powering [8,9], which
converts deeply penetrating LF magnetic fields into electrical
energy via magnetostrictive—piezoelectric transduction.

System Architecture and Implementation

The intracortical interface IC, targeting minimally invasive
periodic neuro-therapy applications, is shown in Fig. 1 (top).
Inference is partitioned into local (on-implant) and remote
(wearable) stages, with intermediate results transmitted at data
rates reduced by up to 16,732x relative to raw data. This split-
inference architecture enables deep end-to-end trained models
via local partial inference, without incurring the high energy
costs of exclusively local or remote inference. The local stage
dissipates 53 nW/input by performing boosted decision-stump
spike classification followed by first-layer inference using
either a spiking neural network (SNN) or a deep neural
network (DNN), targeting motor and inner-speech decoding,
respectively. An event-based body-coupled communication
(BCC) TX transmits sparse first-layer activations via time-
division multiple access to a wearable FPGA shared by up to
eight implants, where remaining layers are executed. The
inference outputs trigger on-chip electrical stimulation via the
wireless powering link for stroke rehabilitation or enable
auditory feedback for guided inner-speech training.

The IC dissipates 6.07 uW/input during inference, enabling
periodic powering by a chip-scale ME film, as shown in Fig.
1 (bottom). The target implantation regions — the motor cortex
and Wernicke’s speech area — lie along narrow bands of tissue,
enabling power delivery from a custom alignment-controlled

ZRice University, Houston, TX, USA, *Equal contribution authors

headphone headband. An array of selectable alternating-
polarity coils (APCs) spatially focuses the magnetic field into
deep tissue. A 3x1x0.3 mm* ME film is stacked with a 1x2
mm? IC and a 1 mm? digital controller, and integrated into a
flexible, mm-scale microelectrode shank with 16x2 dual-side
electrodes. The battery-free shank floats with surrounding
tissue and may reduce motion artifacts during powered
therapy sessions compared with anchored electrodes.

Fig. 2 shows the AFE, comprising a neural LNA and a 2nd-
order noise-shaping (NS) SAR ADC. The amplifier combines
auto-zeroing and chopping to suppress offset-induced ripple
and folded noise, and includes a DC servo loop to mitigate
electrode drift, achieving >1 G input impedance at DC. As
shown in Fig. 3, the amplifier achieves 10.3 nVrms/\Hz
input-referred noise (NEF = 1.5), while the entire AFE attains
a competitive Schreier FoM of 181 dB and 15.8 ENOB over
8 kHz [6], [10-12]. For spike classification, 5.8 bits of ENOB
and a 4x increase in power are traded for additional bandwidth,
enabling multiplexing of 20 10-bit inputs from 32 electrodes.

Fig. 4 illustrates local inference within a dynamic power
budget of 53 nW/input, without using multipliers. Building on
evidence in [13] that exponential temporal filtering yields a
task-agnostic, low-complexity neural representation, we use
an exponentially weighted moving-average (EMA) filter to
transform spike morphology into simple threshold-based
temporal features efficiently exploited by shallow decision
tree classifiers. Each AFE output channel is fed to two EMA
filters (Fig. 4, top), to extract noise-robust, linearly separable
spike features using only shift-and-add operations. These
features are classified using a boosted decision-stump model
trained off-chip with XGBoost, with subject- and task-specific
parameters retrainable without hardware modification (EMA
time scales o, comparator thresholds TH, and morphology-
derived delays A), enabling classification of up to four neurons
per input. Simplified first-layer SNN or DNN inference is
executed locally, with remaining layers offloaded to the
wearable device. Time-multiplexing of 20 AFE inputs enables
classification of up to 80 biological neurons, as illustrated by
the SNN example in Fig. 4 (right), where leaky integrate-and-
fire (LIF) neurons activate based on input spike rate.

Communication energy reduction is demonstrated in two
applications (Fig. 5). For motor decoding in non-human
primates [14], a three-class split SNN classifies precision grip,
side grip, and no grip with 90.4% cross-validated accuracy
while reducing output data rate by 1,066x. For inner-speech
decoding in humans [15], an eight-class split DNN identifies
the most important neurons (56 of up to 80), achieving 96.1%
per-class accuracy with a 16,732x data-rate reduction and
supporting periodic retraining to mitigate foreign-body
response. Figs. 6—8 show implementation and characterization
of'the BCC data TX and ME power management circuits. Figs.
9-10 and Tables I-11I provide comparative analysis.
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Fig. 1. Envisioned smart brain implant with inference split between
the intracortical interface IC and a wearable headphone, using the
magnetoelectric (ME) effect for powering and a body-coupled
communication (BCC) link to transmit intermediate activations.
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Fig. 2. Analog front-end (AFE) including a neural recording low-
noise amplifier (LNA) (top) and a noise-shaping (NS) SAR ADC
(bottom).
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Fig. 3. Analog front-end experimentally measured results (top and

middle), and comparison with state-of-the-art (SOA) neural
recording analog front-ends, including both the LNA and the ADC
(bottom).
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Fig. 4. Local on-chip inference digital back-end (DBE) comprising
an EMA feature extractor, a decision-stump spike classifier, and
SNN (LIF) or DNN first-layer neurons. SNN/DNN modes reuse the
same local spike-classification and first-layer-inference hardware.
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Fig. 5. Split-inference performance validation in motor (left) and
inner-speech (right) decoding. Accuracy is reported on existing
datasets [14,15] to illustrate achievable output data-rate reductions
of 1,066x and 16,732x under representative neural decoding tasks.
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Fig. 6. Event-based body-coupled communication (BCC) data
transmitter (TX) system diagram and test setup using ex vivo
porcine tissue as a human tissue surrogate (top), and experimentally
measured results obtained from the same setup (bottom).
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TABLE 1. Wireless powering performance comparison.
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Fig. 7. Magnetoelectric (ME) wireless powering validation using a
saline-filled head phantom (left), and on-chip power management
circuits with experimentally measured results (right).
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Fig. 8. ME wireless powering test setup and experimental results
on robustness to misalignment (top), and comparison with SOA
wirelessly powered ICs (bottom). Power transfer is evaluated under
controlled field strengths consistent with established safety limits.
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